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Abstract

This paper describes an algorithm that uses multi-scale
Gaussian differential features (MGDFs) for face recogni-
tion. Results on standard sets indicate at least 96% recog-
nition accuracy, and a comparable or better performance
with other well known techniques. The MGDF based tech-
nique is very general; its original application included
similarity retrieval in textures, trademarks, binary shapes
and heterogeneous gray-level collections.

1 Introduction

Facerecognitiontechnologiescan significantlyimpact
authentication,monitoring and image indexing applica-
tions. This paperpresentsan algorithmto computesim-
ilarity of facesasawhole. Thetaskis to querya database
using the image of a face and then have the systemei-
ther ascertainits identity, or retrieve the top N similar
matches.As such,the techniqueis generaland hashith-
erto beenusedsuccessfullyin imageretrieval taskssuch
asfinding similar scenestrademarkshinary shapesand
textures[23, 24, 25]. Theapproachs basednthetwo hy-
pothesesfirst thatvisualappearancef afaceplaysanim-
portantrole in judging similarity and second multi-scale
differential featuresof the imagebrightnesssurfaceform
effective appearancéeatures.

Thefirst hypothesigs basedon the obsenationthatvi-
sualappearancés animportantcuewith which we judge
similarity. We readily recognizeobjectsthatsharea visual
appearancassimilar, andin theabsencef otherevidence,
arelikely to rejectthosethatdo not. A precisedefinitionof
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visual appearancés difficult. The physicaland perceptu-
al phenomenahat defineappearancarenot well known,
and even when thereis agreementsuchas the effect of
object(3D)shapesurfacetexture,illumination, albedoand
viewpoint, it is non-trivial to decomposen imagealong
thesecomponentsHowever, early recognitionalgorithm-
s[9, 16, 32] broughtforwardthe notionthatthe similarity
betweencomputationakepresentationsf imagedbright-
nesssurfacesjn mary casescorrelatesith similaritiesin
visualappearancef objects.Thereforejt is notunreason-
ableto develop appearanceepresentationand similarity
measureso suit the semanticf the retrieval or recogni-
tion task.

In this paper an appearanceepresentatiorfor face
recognitionusingdistributionsof local featuresof theim-
agebrightnesssurfaceis constructed.Local featuresare
obtainedby applying operatorgo the imagethat, equva-
lently, canbethoughtof astunablespatial-frequengfilter-
s, statisticaldescriptorsof the brightnesssurface, or ap-
proximationsof the local shapeof the image brightness
surface. Specifically multi-scaledifferential featuresare
used [3, 5, 7, 11, 15, 23, 24, 25, 26, 21, 28, 29] andthis
choiceis motivatedby argumentg3, 7] thatthelocal struc-
ture of animage can be representedn a stableand ro-
bustmanneiby the outputsof a setof multi-scaleGaussian
derivativefilters (MGDFs)appliedto animage.In orderto
deduceglobal similarity betweentwo faceimages multi-
scaledifferential featuresare composednto histograms
andcorrelated.

Thefirst partof this paperbeginswith a brief review of
scale-spactheoryunderlyingMGDFsandendswith anal-
gorithmto deduceglobalsimilarity. In thesecondpart,this
algorithmis appliedto facerecognition.Usingthedatabas-
esandprotocolfor evaluationdescribedy Simet. al. [30],
thispaperdemonstratethatthealgorithmpresentedhereis
atleastaseffective whencomparedo several othermeth-
ods.
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1.1 Related Work

Facerecognitionhasreceved significantattentionand
it is beyond the scopeof this paperto fully investigate
the available techniques.Insteadwe describetechniques
thataremostrelevantto our approach.Sim et al [30] use
a relatively simple techniqueof matchingdecimatedm-
ageswith extremelygoodresults. Although our approach
is completelydifferentwe usetheir evaluationmethodol-
ogy. Othertechniquedor facerecognitionhave alsobeen
developedusing projectionprofiles[33], deformablesur
faceg[14], hiddenMarkov models(HMM) [27], andself-
organizingmapg10]. Noneof thesetechniquesrerelated
to the onespresentechere,but comparisonganbe made
by readingtheresultspresentedhereandthoseresultspre-
sentedby LawrenceandSim[10, 30]. ResultsontheFER-
ET collectionwith othertechniquesnay alsobe foundin
Phillips[19].

From an appearanceepresentatiorstandpoint,princi-
pal componentanalysis(PCA) basedechniquesaremore
relevant. PCA was pioneeredby Kirby and Sirovich [9]
asarepresentatiofor faceswhich wasalsodevelopedin-
to an effective facerecognitionsystemby Turk and Pent-
land[32], with generalizationso multiple views [16, 18],
illumination changed16], andreplicatedon otherobject-
s[16]. Sincethe succes®f eigendecompositiordepend-
s on the objectsbeing correlatedan attemptwas madeto
overcomethis restrictionby Swetset. al [31, 36]. They
extendthe traditional PCA methodto multiple classesof
objectsusingFischers discriminantanalysig[1]. The ap-
proachpresentedn this paperis differentbecauseEigen

decompositionsare not usedto characterizeappearance.

Further the methodpresentechere usesno learningand
doesnotrequireconstansizedimages.In fact,oneof the
conclusiongdrawn from this paperis thata scale-spacde-
composition(ratherthan an eigenone) performsequva-
lently well. Thatis, an unbiasedrepresentatioperforms
aswell (if notbetter)thanthelearnedrepresentation.

Appearancedeaturescan also be extractedin the fre-
gueny domainandin this sensearecommonlyrelatedto
texture features. In the context of imageretrieval Ma et.
al. [12] use Gaborfilters to retrieve imageswith similar
texture. Gaborjets[34] have alsobeenusedfor facerecog-
nition. We find thata comparisorbetweenGaussiarand
Gaborfilters is instructve. Gaborfilters are sine modu-
lated Gaussiarfunctions, which canbe tunedto respond
to a bandwidtharounda certaincenterfrequeng. They
exhibit compactnesin spaceand frequeng, are optimal
in the senseof the uncertaintyprinciple (time-bandwidth
product)andare complete.Gaborfilters are not equiari-
antwith rotations,and separablémplementationsre ex-
pensve. In contrastGaussiarderivativesexhibit the same
time-bandwidthproperty and althoughthey have infinite

support,they canbe safelytruncatedat aroundfour stan-
darddeviations. While Gaussiarderivativeshave coupled
bandwidthand centerfrequeng, in practiceseparatdun-

ing is notnecessaryRather the derivativesprovide a“nat-

ural” samplingof thefrequeny spacepecausé¢hey repre-
sentthe ordersof approximationin a Taylor seriessense.
Thesignificantadvantageof usingthe Gaussiamlerivatives
is that, they are equiariantwith rotations[4] eliminating

the needfor explicitly orientedfilters andalsosupportthe

formulation of rotationalinvariants. Gaussiarderivatives
are separableand efficient implementationsare possible.
Therearesereralotherinterestingpropertiesandtheread-
eris referredto [6, 23] for amorebasicreview.

2 Computing Global Similarity

The stepsinvolved in deducingsimilarity betweena
guery faceimage and a databasémage are as follows:
Databasémagesarefiltereda priori with Gaussiarderiva-
tives,andthen,at eachpixel, the gradientorientationand
surfacecurvatureis computed. A queryimageis filtered
the sameway and multi-scalehistogramsof curvatureand
orientationarecorrelatedo measuresimilarity. In the au-
thenticationtasktheidentity of thebestmatchingimagein
thedatabasés ascribedo the queryandin the monitoring
task,thetop N arepresentedo the user Below, the use
of differentialfeaturesandthe stepsin the algorithmare
discussed.

21 Differential features:

The simplestdifferential featureis a vector of spatial
derivatives. For example, given an image I, and some
point, p, the first two ordersof spatialderivativescanbe
usedas a feature(vector). This vector approximateghe
shapeof the local intensity surfacein the senseof a sec-
ond order Taylor approximation. Including higherorders
producesa more preciseapproximation.Derivatives cap-
tureusefulstatisticainformationabouttheimage.Thefirst
derivativesrepresenthe gradientor "edgeness’df the in-
tensityandthe secondderivativescanbe usedto represent
curvaturegbars,blobsandsoon).

Howeverit is importantthatderivativesbe computedn
a stablemanner Derivativeswill be stableif, insteadof
usingjustfinite differencesthey arecomputedoy filtering
animagewith normalizedGaussiarderiative filters (ac-
tually any C*° functionwill do[3]). In two dimensionsa
Gaussiarerivative is thederivative of thefunction
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In the frequeny domain,a Gaussiarderivative filter is
a band-pasfilter, asshown in Figure 1 (one-dimensional
case).Computingderivativesby filtering with a Gaussian
derivative at a certainscale,therefore,implies that only



Gaussian derivative filters in the frequency domain
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Figure 1: Gaussiarderiative filters in the frequeng do-
main.

a limited bandof frequenciesare being obsened. Thus,
in orderto describethe original image more completely
a multi-scalerepresentatioris necessary Samplingthe
scale-spacef theimagebecomegssential.

2.2 Gaussian scale-space:

The necessityof a multi-scalerepresentationescribed
above canbe concludedor any smoothband-limitingfil-
ter by usingthe commutatvity of differentiationand con-
volution. The Gaussianhappenedto be a corvenien-
t function; it hasnaturalscaleparameterizationsmooth-
nessandself-similarity acrossscales.However, the Gaus-
sianis morethanjust corvenient. Thereare compelling
theory and implementationrelated argumentsfor using
multi-scaleGaussiarderivativesto form appearancéea-
tures. In particular it has beenshovn by several au-
thors[3, 5, 11, 26, 35|, that under certain generalcon-
straints,the (isotropic) Gaussiarfilter formsa uniqueop-
eratorfor representingnimageacrosghe spaceof scales.
Structuregsuchasedges)bsenedat a coarserscalecan
berelatedto structuresalreadypresentat a finer scaleand
notasanartifactof thefilter. In generalthe Gaussiarlin-
ear)scale-spacsenesasan unbiasedwithout usingary
otherinformation)front end(pre-processorfor represent-
ing theimagefrom whichdifferentialfeaturesnaybecom-
puted. It is beyond the scopeof this documentto engage
in afull discussioraboutthe scale-spacenagerepresen-
tation and, instead the readeris referredto the following
paperd3, 11, 26, 35, 23]. Otherreasondor choosingthe
Gaussiararepresentedn Sectionl.1.

2.3 Curvature and Orientation:

Several differential featurescan be constructedfrom
derivatives and several representationand methodshave
beendeveloped[21, 28, 25, 29, 24, 23, 22] for recognition
andretrieval. Thechoiceof thesefeaturesddepend®n ser-

eralfactors primary (amongthese)is toleranceo rotation,
illumination, scalesincevariationsin theseaffectsappear
ance.Herewe arguefor two particularfeatures.

Since the task is to robustly characterizethe 3-
dimensionalntensitysurface(X, Y, Intensity),local curva-
turesareappropriatdbecausehe surfaceis uniquelydeter
minedfrom them. In particular two principal curvatures,
namelythe isophoteandflowline curvescanbe computed
ata point, andrepresenthe curvaturesof theiso-intensity
contoursandthegradientintegral curves.In fact, principal
curvaturesare nothingmorethanthe secondorderspatial
derivativesexpressedn a coordinatdrame(gaug€g3]) de-
terminedby the orientationof the local intensitygradient.
Theprincipal curvaturesof theintensitysurfaceareinvari-
antto imageplanerotationsmonotonidntensityvariations
andfurther, their ratiosare,in practice quitetolerantto s-
calevariationsof the entireimage. The isophote(N) and
flowline (T) curvaturesaredefinedas[8, 3]:

N = Ax 211y — 1, — I} 1,,] 1)
T = Ax [Iwy(Ig - I;) + I 1y (Iyy — Iww)] )
A = @+I) 3)

I, = I,(p,0) andl, = I,(p, o) arethefirst orderpar
tial spatialderivativesof imagel aroundpointp, computed
using Gaussiarderivative at scales. Similarly, I, I,
and I, are the correspondingsecondderiatives. The
isophotecurvature N and flowline curvature T are then
combinedinto aratio calledthe shapendex, expressedis
follows[8, 2,15]: C' = [0.5 — L x atan{EL]. Theindex
value C is undefinedwheneitherN and T are both zero,
andis, thereforenotcomputedThisis interestingbecause
veryflat portionsof animage(constanbr constanslopein
intensity) areeliminated. The shapeindex is in the range
[0,1]. Nastaq15] alsousegheshapéndex for recognition
andretrieval. However, his approactusescurvaturescom-
putedatasinglescale.Clearly, asthe experimentssuggest
(seeSection3), thisis notenough.

The secondfeatureusedis local orientation.Local ori-
entationis the directionof the local gradient. Orientation
is independenof curvature,is stablewith respecto scale
andillumination changes. The orientationis simply de-
finedasP = atan2(l,, I;) NotethatP is definedonly at
thoselocationswhereC is andignoredelsavhere.As with
theshapeandex Pis rescaledandshiftedto lie betweerthe
interval [0,1].

Feature Histograms: Histogramsof the shapeindex
and orientationare usedto representhe distributions of
featuresover an image. Histogramsform a global rep-
resentationbecausethey capturethe distribution of lo-
cal featuresand they are the simplestways of estimat-
ing a non parametricdistribution. In this implementa-



tion, curvatureand orientationare generatedht several s-
calesandrepresentedsa onedimensionarecordor vec-
tor. Therepresentationf theimagel is thevectorV; =<
H.(01)...Hc(0n), Hp(o1) ... Hp(0oy) >. H, andH,, are
the curvature and orientationhistogramsrespectrely. It
shouldbe notedthat [28] use histogramsof variousdif-
ferentialfeatures.However, the differencebetweenthe t-
wo approachess thattheirmethodusesmulti-dimensional
histogram®f featureghatdoesnotincludecurvature.Fur-
ther, their representationare computedat a single scale.
Multi-dimensionalhistogramgendto be very sparseand
further, arecomputationallymoreexpensve to match.We
believe thatusingonedimensionahistogramsat severals-
cales(andstringingthemtogether)providesa sufiiciently
rich representatioof theimage.

Figure2: Examplef theFERET (firstpair)andORL(next
four pairs)sets.

Matching feature histograms. Two representations
are comparedusing normalizedcross-coariancedefined

(m) y,(m)
asd;; = Vi Y \Wherev™ = Vi — mean(V;).
T iV i

Thereare other possiblemeasuressuchas the Kulback-
Leibler [1] and Mahalanobig[13] distanceswhich could
beused.The queryhistogramvectorV, is comparedvith
eachdatabaséistogranvectorV;. Thecorrespondingm-
agesareranked by their score. We call this algorithmthe
1D curvature/orientatioror CO-1algorithm.

3 Face Recognition

Two variationsof the algorithmare comparedor face
recognition. Thefirst is CO-1,wherehistogramsare built
overtheentireimage(CO-1). Theseconds PCO-1,where
theimageis partitionedinto threetiles roughly coveringa
third of theimageandhistogramdor eachtile aregener

atedseparatelyand concatenate@PCO-1). Assumingthe
imagesareroughly facesegmentedo begin with, the top
tile correspondso the foreheadregion, the middle tile to
the mid-faceandthe bottomtile correspondingdo the chin
region.

Datasets. The following three datasetsare usedfor
evaluations. 1. ORL Set[17]: the ORL (Olivetti Re-
searchLab) collectionis a publicly available collectionof
400 faces. This collection contains40 individuals. The
databaseontainssmallview, gesture andintensityvaria-
tion. Seethe secondhroughfourth facepair of Figure2.
2. FERET Set[19]: The FERET dataseis maintainecby
NIST andthe CDROM contains3737 images. However,
our testswererepeatedn exactly the sameconfiguration
asSim [30] andthereforewe only used275imagesof 40
individuals. Theseimagescontainbust photographswith
varying bustcoverage andsmallfacial gestureandimage
illumination changes. Seefirst facepair in Figure2. 3.
UMASS TeaCravd Set[20]: The UMassTeaCrowd set
consistof 119imagesof facesextractedfrom alive video
feedof camerasnonitoringa TeaParty. Therearetotal of
15peoplein thiscollection. Thesefacescontaingestureil-
lumination,andview variations,in additionto motionblur
andocclusion.SeeFigure3.

Evaluation: The evaluationmethodologyfollows the
one describedby Sim et. al. [30]. During eachtrial a
databasés randomlysplit into atraining setandatestset.
Theconfiguration®f training setpertrial useseither5 ex-
emplarsper personor the greatesinumberlessthan half
thenumberof facesavailablefor thatpersonwhicheveris
smaller. The remainingfacesfor the personbecomethe
testset. Eachof thesetestsetimagesbhecomes query A
gueryis matchedwith all of thetrainingsetandtheidenti-
ty of thebestmatchingtrainingsetimageis ascribedo the
qguery Over alarge (100) numberof trials the proportion
of correctlyidentifiedpeopleis reportedastherecognition
rate.For example,in the ORL setatrial will consistof 200
trainingandtestimageseach.Thus,over 100trials 20,000
gueries(testset) are matchedwith a randomtraining/test
pick ateverytrial.

Examples: In Figure2, queriesandcorrespondinggx-
emplarimages(selectedduring sometrial) they matchto
areshown. Thefirst facepair is drawvn from the FERET
set. Notethattheseimageswerenot processedo localize
thefaceportionalone.Theremainingfour pairsin Figure2
shaw resultsfrom the ORL set. Note thatthe secondpair
in the secondrow in Figure2 is a mismatch. The correct
identity is not recovered,but qualitatively boththesefaces
shareasignificantsimilarity in appearance.

In Figure 3, several examplesfrom the TeaCravd set
areshavn from aretrieval perspecite. Each’row” of this
Figurecontainssiximagesthefirst beingthequeryandthe
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Figure3: Examplesof the TeaCrowd setfrom aretrieval point of view.

remainderbeingthe imagesmatchedn rank order Each
imageis labeledby its matchscoreto thequery(1.0is max-
imum). Theseexamplesshawv recognitionfrom aretrieval
pointof view. Thequeriesncludegesturevariations scale
variations,occlusionsmotionblur andview variations.

Analysis. The performanceof the algorithm is de-
pictedin Table 1. On all three setsthe performances
very goodandcomparabldo otheralgorithms,specifical-
ly, thosebasedon Principal componentanalysis[32] and
CMUs [30] technique.Thereaderis referredto Sim’s pa-
per[30] for additionalcomparisonsvith othertechniques
(they performworsethan CMUs technique). In Table 1,
column2 indicatesthe evaluationparametersised. In al-
| methods5 exemplarsare usedand whenit is not pos-
sible to do so, only half the available are used. In our
techniquenothing is doneto the imagesin termsof in-
tensity stretching,warpings,faceextractionor generating
syntheticimages.In contrastin Sim’s techniquebasedon
matchingthumbnails syntheticimagesaregeneratedrom
exemplars(rotatedandslightly scaledversions)andthese
becomepart of the training set. A query’s scoreagainsta

databaséndividual is the meanover the scoreghatit gets
for all trainingsamplef theindividual. We pick themax-

imum. Theimplementatiorof Eigenfacesreportedin the

samepaperalsousessynthetidimagesfrom theexemplars,
40Eigenvaluesandthel 2 normto compareghequeryvec-

tor. In this case like our method,the identity of the best
matchingimageis ascribedo the query Notethatthere-

sultsreportecherefor Eigenfacesarethebestof theresults
reportedby Sim et. al. [30](also seeLawrences compar

isons[10]).

The algorithmpresentedherehastwo principal param-
eters;scalesandthebin sizesof the histogramsThegraph
in Figure 4, depictsthe performanceof the systemwith
variationin scalefor the ORL setusingthe CO-1algorith-
m (othersetshave similar results).For this graphthe num-
berof curvatureandorientationbinswereeachfixedat40.
The X-axis of this graphis a byte-encodediumberthatin-
dicateghescalesused.The LSB meansa scalevalueof 1,
thenext leastsignificantbit correspondso a scalevalueof
v/2 andso on throughstepsof /2, to an MSB valuerep-
resenting8+/2. Thevalid numberdor this byteare1-255,



Technique EvaluationParameters ORL FERET TeaCravd
UMASSPCO1 5 samples0 synthetic 98%  96% 96%
CcMU LO, 5 samples,1@ynth 97%  96% AP.
UMASSCO1 5 samplesQ synth 95%  90% 90%
Eigen-face  40vector L2, 5 samples,1@ynth 95%  90% AP.

Tablel: Theperformancef MGDF methodswvith PCAandCMUs techniques
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Figure4: The performanceon the ORL set. For this graph
40 binswereusedin the histogram.

1 implying the useof only scalel, 255 implying the use
of all 8 scales. The Y-axis of this graphdepictsrecogni-
tion rateover 100trials. Thustherecognitionperformance
with respectto scalesis exhaustvely plotted. Thereare
threeplotsin Figure4. The lower one correspondingo
the useof 1 exemplar the middle onecorrespondingo 3
exemplarsandthetop onecorrespondingo 5 exemplars.

Several conclusionscan be drawn from this figure.
First, the performanceimproves cateorically with in-
creasen exemplarsandthisis truefor all variationsof the
algorithmspresentedhere.Secondasinglescale whichis
characterizedby large dipsin the plot is indicative of poor
performanceandshows the necessityfor multiple scales.
Third, all eightscalesarenotnecessaryit canbeobsened
for examplethat a pacled set of scalesof smallerextent
(suchasbit code96) give approximatelythe sameperfor
manceasusingall scaleqsuchasbit code255). Finally, a
densepackingof scaleds not essentiakither A sequence
of scaleghatis denselypacked,suchas...1111.. ., caus-
es only maminal changesn accurag in relationto one
thatis coarsersuchas...1010. ... In mostcaseswve find
thatanoctave spacings sufficient, andtwo octave separa-
tion resultsin lessthan1% dropin recognitionaccurag.

This suggestshat the multi-scalerepresentatiocanhave
asomavhatlargesamplewidth acrossscalesThisis good
news becauset implies that significant”’compression”in
therepresentatioiis possible. The shapeof this graphre-
peatdtself for variousbin combinations.

4ot Bin siza an Recagifion

Qtierfation Bins

Figure5: RecognitionPerformancewith variationin Bin
sizesfor CO-1on ORL set.All scaleswvereused.

Figure6: RecognitionPerformancavith variationin Bin
sizesfor PCO-1on ORL set.All scalesareused.

The secondfactorthat wasvariedis the bin size. For
the experimentsconductedall the scaleswere usedwith
5 exemplarsandthe bin sizeswere systematicallyvaried
from 10to 100for curvatureandorientationindependent-
ly, thereforegiving amatrix of 100combinationsSurpris-
ingly, therecognitionratesheld very stable:PCO-1varied
between97.2%and 98.2% (seeFigure 6; and CO-1 (see
Figureb) betweerf4.1%and95.2%. Thevariancefor ary
givenobsenationover the trials waslessthan1%. Final-
ly, in termsof computation,it takes a few milli-seconds
to recognizeapproximately200imagesfrom the database,
andin contrastit takesabout0.4 secondon a 400M H z
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Figure7: Facelocalizationandrectificationfor recognitionin akiosk.
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4 Summary and Conclusions

Theresultspresentedhn this paperarevery exciting for
the following reasons First, the curvatureand orientation
basedmethodperformswell; especiallybecausehereis
no learninginvolvedwith respecto ary of the parameters.
Arguably arepresentatiobasednthedifferentialdecom-
positionof theimageat multiple scaless giving compara-
ble performanceo onebasecdbn learningacompactrepre-
sentatiorfrom the data,namelyPCA. Thus,we find these
featurego be goodfrom anappearancsimilarity point of
view. Secondwhile scaleis important,it seemsdn faces,
the changeof the feature(blur) with scaleis ratherslow.
Thisis why densesamplingof scaless notnecessaryThis
is goodfor a multi-scalerepresentationThird, the appli-
cationof a”spatial” partitiondramaticallyimprovesthere-
sults, suggestinghatexplicit representationf spacemay
be necessaryand might be the principal reasonwhy the
recognitionratesimprove. In conclusion,we believe that
therepresentatiopresentedhereis turningout to be quite
versatile.

We areextendingthis work towardsconstructingakiosk
thatcanbeusedfor authenticationusinginexpensve cam-
eras(QuickCams).Our preseniapproachs to pre-process
acquiredimagesby localizing facesand detectingfacial
features.Oncedetectedacial featurescan be usedto es-
tablish a coordinatebasisfrom which partitions can be
computedfor PCO-1. One way to do this is to simply
rectify the facefor orientationand scale. Further facial
featuredetectionprovidescoarseinferenceof facial view
andthus, matchingcanbe speededip to nearbyviews in
the databaseFor example,in Figure7 threeimagestaken
atthekiosk areshowvn. Thefirstis thefull imagetakenby
thecamerathesecondhedetectedacewith anoverlayof
facialfeaturesandboxesaroundthe (final) localizationof
eyes. Thethird is the orientationrectifiedview of theface
thatsimultaneouslysesthe orientationhistogramandthe
inter-eye angleto rectify the face. While completeexper
imentationis forthcoming,in the context of this paper it
may be notedthatfacialfeaturesarelocalizedusingmulti-
scaledifferentialfeatureswith naturalscaleselection.
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